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Abstract: The Risk & Impact Analysis Group of Geoscience Australia has been
developing models to assess the hazard and risk produced by a number of natural
phenomena. This paper describes a model to assess severe wind hazard over a region rather
than at a recording station. The model integrates three sub-models: a statistical model that
calculates return periods for the event using extreme value distributions; a model to extract
and process wind speeds from a high-resolution (regional) climate model; and a Monte
Carlo simulation model to generate wind gust speeds from mean wind speeds. Large scale
high resolution gridded data requires a fast, efficient way to calculate wind hazard. A
computer-based algorithm to achieve this aim is presented in this paper. To illustrate the
methodology, wind hazard calculation over the Australian island state of Tasmania will be
presented.
Keywords: Wind hazard; Natural disasters; extreme value distributions; Monte Carlo
simulation; high-resolution climate models.
1.

INTRODUCTION

The need to develop a new approach to understand and manage the risk posed by natural
hazards in Australia has been acknowledged and emphasised by Australian Commonwealth
and state governments. To this effect, the Council of Australian Governments (COAG)
commissioned a review of natural disaster relief arrangements in June 2001. A report with
the results of the review was published by the Department of Transport and Regional
Services in early 2004 [DOTARS, 2004]. The report proposes a fundamental shift in focus
beyond relief and recovery towards cost-effective, evidence-based disaster mitigation.
Consequently, while disaster response and reaction plans remain important, the move is
now towards anticipation and mitigation of natural hazards.
In this context, Geoscience Australia (GA) is developing risk models and innovative
approaches to assess the potential losses to Australian communities from a range of sudden
impact natural hazards. These models aim to define economic and social impacts of natural
hazards in a consistent fashion to allow the direct comparison of risks from different
hazards at one location and for a single hazard over different regions. Currently, GA is
focused on developing probabilistic risk assessment models for earthquakes, tsunami, and
severe winds [Middelmann, 2007].
Severe wind is one of the major hazards facing Australia. While cyclonic winds are the
major source of wind hazard in the northern states, non-cyclonic winds driven by synoptic
lows, thunderstorms and tornadoes affect the southern states. Severe winds are responsible
for about 40% of damage to Australian residential buildings [Chen, 2004].
This paper presents an overview of the methodology developed to assess wind hazard in
the non-cyclonic regions of Australia. Hazard estimation for the island state of Tasmania is
presented.
2.

MODEL DESCRIPTION

The severe wind hazard model was initially developed for location-based analysis and later
extended to gridded data. The latter allows wind analysts to assess hazard over a region
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using climate simulated data. Using simulated data, it is also possible to study the impact of
climate change on wind hazard.
The model integrates three sub-models:


A Statistical Model (ie. data-based model) to quantify wind hazard using extreme
value distributions;
A high-resolution regional climate model (RCM) which produces gridded hourly
“maximum time-step mean” wind speed and direction fields; and
A Monte Carlo method to calculate severe wind hazard produced by gust winds
using results from the Statistical Model.



2.1

Statistical model

The core of the statistical wind hazard model is the calculation of return periods by fitting
extreme value distributions to the given data. If annual observations are used the return
period (RP) is defined as the probability that a geophysical variable’s extreme value
(rainfall, wind speed, temperature, etc.) is exceeded on average once a year,
RP = 1/(1 – CDF)

(1)

Where CDF is the cumulative distribution.
More commonly the inverse of (1) is taken and the RP expressed as the average number of
years, which takes for the event to be exceeded, ie. if the probability of exceeding the event
in a single year is 0.02, we can say that the event can be exceeded, on average, once in 50
years (1/0.02)
If daily maxima are used for the analysis, as in the ‘peaks over threshold’ method, the
expression has to be modified to take into account the number of observations per year.
The new expression is given below [Gilleland and Katz, 2009],
RP = 1/{(1 – CDF)}/nopy
Where:

(2)

nopy = number of observations per year

The reason for the popularity of RP in natural phenomena studies is the possibility of
extrapolating the RP curve well beyond the range of the observations; this is achieved by
using extreme value distributions (EVD). There are two basic methods to fit EVD to a
given dataset: a) The block maxima method in which a number of EVD are fitted to the
annual maxima (the EVD used in this case are the generalised extreme value distributions
or GEV. b) The ‘Peaks over threshold’ method in which the generalised Pareto distribution
(GPD) is fitted to values exceeding a given threshold. The latter is the preferred method
when maximum daily observations are available [Holmes, 1999].
The major limitation of the GPD in practical work is the selection of the appropriate
threshold ‘u’ for the given dataset. Values above the threshold are considered for fitting the
GPD. For this reason, the GPD is very sensitive to the threshold selection. To illustrate the
problem, consider the curves of wind speed return period using the Sydney airport dataset
as shown in Figure 1. This and other wind datasets used in this study were provided by the
Australian Bureau of Meteorology (BoM). The dataset’s range of years is shown in the xaxis (1939-2005). The curves were generated by fitting GPD distributions with different
thresholds ‘u’. The right-hand side table shows the threshold used, the number of
observations in the dataset exceeding the threshold and the shape parameter of the GPD for
that threshold.
Selecting the appropriate threshold can be a very difficult task. Although there are methods
to help modellers with the selection process they are mostly visual, subjective techniques,
prone to producing inaccurate results and inappropriate for large scale applications. So to
model wind speeds using GPD distributions it is necessary to develop a technique for
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automatic selection of the appropriate threshold for a given dataset. One such technique is
briefly described below.

u
5
10
15
20
25
30
35

Obs > u
23584
15788
5988
1574
252
38
6

Shape
-0.216
-0.168
-0.125
0.0426
0.0329
-0.067
5.253

Fig. 1. GPD sensitivity to threshold u.
2.1.1 Algorithm for automatic selection of threshold
Such an algorithm can be developed by observing that there are two different regions in
Figure 1: Region 1 (with u = 20, 25, 35) is characterised by a shape parameter greater or
equal to 0 which produces unbounded curves; these types of curves are inappropriate for
modelling wind speed which is a naturally bounded phenomenon [Lechner et al., 1992].
Region 2 (u = 5, 10, 15, 30) is characterised by a negative shape parameter which results in
bounded curves appropriate for modelling wind speed; for this reason we call this the
feasible region. Notice however that the curves produced by thresholds 5, 10 and 15, are
flat with quick convergence to a very low value and hence are not appropriate for
modelling wind speeds. From Figure 1 it is clear that the appropriate threshold from those
shown in Figure 1 is u = 30 (m/s) which produces a bounded curve (one which
asymptotically convergences to a limiting value).
The algorithm generates GPD curves in the feasible region in steps of 0.25 (m/s) and
selects the appropriate threshold for modelling the given dataset within this region. It is
generally the threshold producing the highest return-period curve. Based on return periods
generated for a number of BoM datasets, a set of rules for selection of the appropriate
threshold were compiled and coded to produce the automatic algorithm [Sanabria and
Cechet, 2007]. Figure 2 shows the selection algorithm at work using the same dataset as
before; RP curves in steps of 0.25 have been generated in the feasible region (the
corresponding threshold is shown in the left hand side box). In this case the algorithm
returns 29.0 (m/s) as the appropriate threshold to fit the GPD to the given dataset.
In wind hazard applications it is important to separate the components of the wind dataset
such as thunderstorm, tornadoes, synoptic winds, etc. because they pose a different hazard
to people and the built environment. The Statistical Model can also separate these
components using the weather description dataset provided also by BoM. Figure 3
illustrates the case: the Sydney Airport wind speed dataset has been separated into
thunderstorm and synoptic winds and RP curves using the GPD distribution have been
calculated for each component. The original completed dataset, called ‘combined winds’, is
also shown [Sanabria and Cechet, 2007].
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2.1.2 Confidence interval
Calculation of return periods should be considered incomplete if a confidence interval for
the results is not presented. A confidence interval shows the range of values in which the
true value of the RP exceedance level lies for a given probability. In this work we are
interested in finding confidence intervals with 95% probability, in other words, we want to
find the RP exceedance level of wind speed with the interval in which the true value of the
exceedance level can be found in 95% of cases.

Fig. 2. Threshold selection algorithm.

Fig. 3. Separation of wind components

The confidence interval depends on the amount and structure of the dataset, particularly the
variance-covariance matrix which measures the spread of the samples around their mean.
There are two basic algorithms for calculation of the confidence intervals (CI) of results
produced by extreme value distributions: The ‘Delta’ method and the ‘Profile Likelihood’
method. Both methods have been implemented in the R environment by Gilleland and Katz
[2009] based on Coles [2001]. Applying the methods to temperature data, they found out
that the Profile-likelihood method gives better results because it considers the asymmetry
of the data [Gilleland and Katz, 2005]. Figure 4 shows the RP of the Sydney Airport
combined winds with 95% Confidence Interval calculated using the Profile-likelihood
method (since winds are highly asymmetric). The exceedance levels for the 500-year RP
with its 95% confidence interval is shown in red, this is the prescribed wind speeds for
design of structures in Australia [AS/NZS 1170.2:2002].
2.1.3 Bias correction
The bias introduced by the fact that CCAM calculates area-average values whilst the
recording stations give location-based winds has to be corrected otherwise biased results
could be obtained. To correct this bias consider the observed and CCAM-modelled RP of
mean wind speeds as shown in Figure 5. A linear regression expression (LR) between
observed and CCAM-modelled mean wind speeds can be found to correct the CCAMmodelled RP and the same expression can be used to correct the bias in the curves of gust
speed RP for both station and gridded results as shown below. For gridded results we
combined the data from the Launceston and Wynyard sites to undertake the correction
because they are located in the same region (north of the state). The LR correction at 500yr RP for these stations is 4.2 m/s. The correction for Hobart calculated from Figure 5 is
7.2 m/s. The correction for Tasmania was then taken as the average of the two, ie. 5.7 m/s.
2.2

Statistical model using gridded data

Having a fast algorithm for calculation of RP using a GPD allows us to obtain RP for a
given region rather than a recording station as show above. In climate simulation models a
region is represented as a consisting of a number of cells, the higher the grid resolution the
higher the number of cells. To illustrate the application of the statistical model to a grid,
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consider the island state of Tasmania, south of the Australian main land. Wind speeds
produced by the simulations of a high-resolution regional climate model can be extracted
and used to calculate wind hazard over this area. It is important to point out that the
discussion below uses only synoptic winds, ie. the green curve in Figure 3. Work is
underway to also include thunderstorm downburst gust winds in order to calculate a
combined RP curve for gust wind speeds (black line in Figure 3).

Fig. 4. RP of combined winds with 95% CI.

Fig. 5. RP curves of mean winds

The climate simulation data used for this project was obtained from CSIRO’s ConformalCubic Atmospheric Model (CCAM). Simulations focusing on Tasmania, using IPCC
scenario A2, for the period 1960 to 2100, were used. Five coupled general circulation
models (CGCM) were used to drive these simulations (dynamic downscaling) as explained
by Corney at al. [2010]: CSIRO mark 3.5; ECHAM 5; GFDL_CM 2.1; MIROC 3.2 and
UK Hadley_CM3. We extracted maximum time-step hourly mean wind speeds (simulated
for 10 metre height) from each of the five simulations using NCO tools [NCO, 2010].
Figure 6 shows the Tasmanian contour map with the grid. The grid has a latitude-longitude
resolution of 0.1 x 0.1 degrees, which gives a total of 2856 cells. Then the maximum mean
hourly speeds extracted in each cell were transformed to maximum daily mean speeds
using the R package ‘zoo’ [Zeileis and Grothendieck, 2005]. The final dataset utilised is the
average of the 5 simulations considered. Figure 7 shows the exceedance levels of mean
wind speeds for a 500-yr RP.
For model development and validation three BoM recording stations were selected: Hobart,
Launceston and Wynyard Airports (shown by the circles in Figure 7). These sites were
selected because their weather stations and anemometer measurements are located at
airports, avoiding the problem of houses or trees affecting the instruments, and also due to
these sites having wind gust records.
2.2.1 Wind hazard for future climate
One of the advantages of using climate-simulated data is that it allows wind analysts to
study the wind conditions in a given region under future climate forcing. These types of
studies are important in the development of adaptation strategies. To examine future wind
conditions in Tasmania, wind data from a 20-year window around 2070 was extracted from
the simulations as explained before.
2.3

Monte Carlo simulation (MC)

The wind map presented above shows only mean wind speed conditions. Severe wind
hazard requires however RP of gust wind speeds. A MC-based technique to generate wind
gust from mean wind speeds has been developed [Sanabria and Cechet, 2010].
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The MC works by simulating the physics of wind generation for synoptic wind conditions.
It assumes that surface wind gusts result from the deflection of air parcels flowing higher in
the boundary layer, which are brought down by turbulent eddies [Brasseur, 2001]. The
method separately takes into account the mean wind and the turbulent structure of the
atmosphere. Turbulence is represented by the gust to mean ratio, termed the gust factor in
wind engineering. The process consists of the numerical convolution of mean wind and the
gust factor to produce wind gust speeds.

Fig. 6. Tasmanian contour map.
2.3.1

Fig. 7. Mean speed exceedance for 500-yr RP.

Gust factors (GF)

The gust factor (GF) is defined as the ratio of maximum wind speed (gust) and mean wind
speed for the same time period. In this project the GF was calculated from the half hourly
speed datasets provided by BoM and used for the sampling process in the Monte Carlo
simulation. In practice the x-axis is split into a number of intervals and their corresponding
GF distribution function is calculated for each interval in order to capture the
characteristics of the distribution’s long tail [Sanabria and Cechet, 2010]. As an illustration
consider the GF calculated for Sydney Airport shown in Figure 8.

Fig. 8. Sydney Airport Gust Factor.
3.

Fig. 9. RP of corrected gust speeds.

RESULTS

Gust wind exceedance levels at 500-year RP for Tasmania under current climate conditions
and around 2070 was generated from CCAM-simulated mean wind speeds using the MC
model and is presented in Figures 10 and 11. As expected the gust wind speeds follow
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closely the texture of the mean values (Figure 7), in particular note the increase of synoptic
wind speeds due to the effect of the mountain slope in both the west and the north-east
parts of Tasmania. This is consistent with detailed studies of the effect of mountain slopes
in wind speeds [Holmes, 2007].
Comparing Figure 9 with Figure 10, it is possible to visually observe an increase in gust
wind speed hazard around 2070 compared with current climate. The increase is more
noticeable in the north-east coastal areas of the state and the mountainous region of the
north-west.
Fig. 9. Wind gust exceedance at 500-yr RP
Fig. 10. Wind gust exceedance by 2070
(Current climate).
The results are highly dependent on the quality of the mean speeds provided by the climatesimulation models, and also the quality and representativeness of the observations (ie. is the
record length representative of a long-term climatology for extreme wind gusts?).
3.1

Future climate gust wind hazard at the Tasmanian stations.

Plotting both the future-simulated and observed RP exceedance levels at the meteorological
stations allows the determination of the trend in gust wind speed for a changing climate.
Figure 11 (in previous page) shows the observed and corrected CCAM-modelled RP of
gust wind for the Hobart Airport. Similar results were obtained for the other two stations
but are
Fig. 10. Wind gust exceedance for 500-yr
RP (current climate).

Fig. 11. Wind gust exceedance for
500-yr RP around 2070.

Comparing Figure 10 with Figure 11, it is possible to visually observe an increase in gust
wind speed hazard by 2070 compared with current climate. The increase is more noticeable
in the north-east coastal areas of the state and the mountainous region of the north-west.
The results are highly dependent on the quality of the mean speeds provided by the climatesimulation models, and also the quality and representativeness of the observations (ie. is the
record length representative of a long-term climatology for extreme wind gusts?).
3.1

Future climate gust wind hazard at the Tasmanian stations.

Plotting both the future-simulated and observed RP exceedance levels at the meteorological
stations allows the determination of the trend in gust wind speed for a changing climate.
Figure 9 (in previous page) shows the observed and corrected CCAM-modelled RP of gust
wind for the Hobart Airport. Similar results were obtained for the other two stations but are
not presented here because of space limitations; however Table 1 presents the corrected
exceedance levels of gust wind speeds generated by the model for the selected stations. The
station-location results confirm the trend observed in the RP maps: there is increase in wind
gust hazard by 2070 with respect to current climate conditions. These results agree with
similar studies carried out for Victoria [McInnes et al., 2005].
Table 1. Corrected gust wind speed exceedance levels (500-yr RP) at stations

Observed
CCAM current
CCAM 2070

4.

Hobart
37.5
39.1
47.0

Launceston
37.1
36.1
38.9

Wynyard
36.3
32.7
38.4

CONCLUSIONS

A general overview of the methodology to assess severe wind hazard has been presented in
this paper. The methodology quantifies wind hazard by fitting an extreme value distribution
to gust wind speed. The methodology has been used to assess wind hazard at a recording
station as well as over a region using gridded model data. To assess regional wind hazard,
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gridded data obtained from a high-resolution (regional) climate model is used. However
climate-simulated wind speeds provide only mean wind speeds whilst in severe wind
hazard the value of interests is gust wind speed. A Monte Carlo simulation model was
developed to calculate gust wind from mean wind speed via sampling from the
corresponding gust factor.
A confidence interval can be calculated to assess the uncertainty of the model results.
The model may also been used to assess the impact of climate change in wind hazard from
future projections. The model has been used successfully to assess wind hazard in the
Australian state of Tasmania under current climate and by the end of this century.
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